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Abstract

How can question answering (QA) systems de-
termine whether a query is ambiguous? Ambi-
guity detection is essential in open-domain QA,
as misclassification leads to either answering
under the wrong interpretation or triggering un-
necessary clarification. However, existing meth-
ods conflate answer diversity with ambiguity,
leading to inaccurate predictions. They also pro-
cess all queries uniformly, resulting in wasteful
computation. We propose ARCHIVE, an accu-
rate and efficient framework that detects am-
biguity via logical conflict: a query is ambigu-
ous if its valid answers cannot all be true un-
der a single interpretation. ARCHIVE combines
a lightweight early-exit encoder for surface-
detectable cases with a conflict modeling mod-
ule that captures logical relations among an-
swers, reinforced by an invariance objective
for robustness to noisy answer sets. We also
present QUIREQA, a 4,703-query benchmark
spanning factoid, non-factoid, and ill-formed
queries. Experiments show that ARCHIVE out-
performs competitors, improving F1-amb and
Fl-unamb by up to 10.4 and 21.6 points, re-
spectively, while operating 16 x faster than the
best competitor.

1 Introduction

Given a user query q in an open-domain question
answering (QA) system, how can we accurately
and efficiently determine whether q is ambiguous?
Ambiguity detection is critical as users often is-
sue underspecified queries when they lack domain
knowledge (Min et al., 2020). A QA system must
answer directly when the query is unambiguous
or ask a clarifying question otherwise (Sun et al.,
2023). Missed ambiguity leads systems to commit
to a single interpretation, producing incorrect or
misleading answers (Liao et al., 2023). Conversely,
false positives trigger unnecessary clarification, de-
grading interaction quality (Kuhn et al., 2022).

*Corresponding author.

q: What is the capital of Georgia? q: Where is the Colosseum?

ay: The capital of Georgia is Tbilisi. ay: The Colosseum is in Rome.

a»: Thilisi is Georgia's capital. as: The Colosseum is in Italy.

a3: The capital of Georgia is Atlanta. | | a3: The Colosseum is in Italy.

ay: Atlanta is Georgia's capital. ag4: The Colosseum is in Europe.
Entailment = Neutral Contradiction

ai a2 a3 Q4 ai az az aq

ay ay
az az
as as
ay a4

Conflict -~ Ambiguous No Conflict — Unambiguous

Prior Work: Diversity-based methods flag both as ambiguous

Figure 1: Diversity is not ambiguity. Both queries yield
diverse answers, but only the first reflects genuinely con-
flicting interpretations. ARCHIVE distinguishes them by
testing for logical conflict rather than answer diversity.

Although modern LLMs generate clarifying
questions effectively, the key challenge is deciding
when to do so (Braslavski et al., 2017). Existing ap-
proaches infer ambiguity from the diversity of can-
didate answers (Zhang and Choi, 2025; Shi et al.,
2025; Min et al., 2020; Lee et al., 2023). However,
diversity is unreliable because it conflates incom-
patible answers from different interpretations with
compatible answers describing the same fact. For
example, “What is the capital of Georgia?” yields
incompatible answers (Tbilisi vs. Atlanta), whereas
“Where is the Colosseum?” yields compatible ones
(Rome, Italy, Europe). The Colosseum answers dif-
fer only in granularity and admit a single direct
response, whereas those for Georgia exhibit gen-
uine conflict and require a clarification turn (Fig-
ure 1). Prior methods flag both alike, generating
unnecessary clarifying questions for unambiguous
queries (e.g., “Do you mean the city or the coun-
try?”). They also route every query through LLM
pipelines, incurring avoidable computational cost.
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Table 1: Coverage gaps and non-exclusive labels in prior taxonomies. Each row shows how a taxonomy labels
four canonical query types; only ARCHIVE provides a mutually exclusive assignment for every query.

Query “ywhat is the” “What is the capital “Where is the “How should 1
Taxonomy of Georgia?” Colosseum?” organize my desk?”
Zhang et al. (2024) N/A Lexical N/A What, Whom
Tang et al. (2025) N/A Semantic, Specify N/A Specify
Tanjim et al. (2025) Syntactic N/A N/A N/A

ARCHIVE Surface-detectable Knowledge-dependent Closed unambicuous Oven unambicuous
(proposed) ambiguous ambiguous £ P £
No applicable class Overlapping labels Mutually exclusive classes in ARCHIVE
100 ~ T Our contributions are as follows:
-l__ ARCHIVE (proposed) X » Ambiguity via logical conflict. We formalize
80 - Direct ggx Self-Ask CoT w/ taxonomy larificat; . bioui logical
_ R ol 16x faster than c ‘an catlon—regulrlng ambiguity as logical con-
f-; g-Awa highest-accuracy flict among valid answers and present a mutually
= 60 qIntent-Sim baseline . . .
ﬁ % exclusive taxonomy on this basis.
10 X Shi et al. * Accurate and efficient detection. As shown in
xFl'equenCy Heuristic Figure 2, ARCHIVE achieves the highest F1 at
Entropy Heuristi :
Hiropy Heuriste the lowest latency, operating 16 x faster than the
00.0 0.5 1.0 15 2.0 2.5 highest-accuracy baseline.

Latency (s)

Figure 2: ARCHIVE achieves the highest mean F1 at
the lowest latency on Qwen2.5-14B. Mean F1 averages
Fl1-amb and F1-unamb.

To address these limitations, we propose
ARCHIVE (Ambiguity Recognition via Cascaded
Hypothesis Inspection and Conflict VErification),
an accurate and efficient framework that redefines
ambiguity detection through logical conflict: a
query is ambiguous if its valid answers cannot
all be true under a single interpretation. Unlike
broader notions of ambiguity, we define the task
operationally around the clarify-or-answer deci-
sion: queries with logically conflicting valid an-
swers warrant clarification, whereas those admit-
ting a direct response do not. We adopt the term
clarification-requiring ambiguity, or simply ambi-
guity hereafter. On this basis, ARCHIVE adopts a
cascaded architecture: a lightweight encoder first
resolves surface-detectable cases via early exit,
while remaining queries are classified by modeling
logical relations among generated candidate an-
swers. To handle noisy or incomplete generations,
we introduce an invariance objective that stabilizes
predictions under perturbations of the candidate set.
Beyond detection, the generated candidate answers
enable downstream reuse: compatible ones form
a direct response, while conflicting ones provide
alternatives for a targeted clarifying question.

* Benchmark and experiments. We construct
QUIREQA, a 4,703-query benchmark with an-
notated context for factoid queries. ARCHIVE
outperforms nine baselines by up to 10.4 points
in F1-amb and 21.6 in F1-unamb, while also gen-
eralizing to an out-of-distribution benchmark.

Code and data are available at:
github.com/snudatalab/ARCHIVE.

https://

2 Related Work

2.1 Prior Taxonomies of Ambiguity

Prior taxonomies enumerate categories of ambi-
guity without providing an operational criterion
for distinguishing ambiguous from unambiguous
queries. Earlier works categorized ambiguity types
within specific QA datasets without targeting de-
tection (Min et al., 2020; Guo et al., 2021; Am-
playo et al., 2022). Three recent taxonomies ad-
dress ambiguity detection: Zhang et al. (2024) de-
fine eight categories across linguistic, epistemic,
and aleatoric dimensions; Tang et al. (2025) pro-
pose three action-oriented classes to guide LLM
response strategies, explicitly aiming for a mutually
exclusive partition; Tanjim et al. (2025) categorize
linguistic defects in conversational QA logs. How-
ever, without a unifying criterion, these frameworks
admit overlap: a single query may satisfy multiple
categories (Table 1), leaving annotators with no
principled way to choose among labels.
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Another limitation is coverage. Zhang et al.
(2024) and Tang et al. (2025) assume well-formed
input and do not account for surface defects, which
are common in real query logs (Craswell et al.,
2020). Tanjim et al. (2025) address this gap but are
scoped to enterprise data and do not cover open-
domain knowledge ambiguity. These limitations
motivate a different organizing principle: rather
than enumerating ambiguity categories, we define
ambiguity via logical conflict—whether valid an-
swers can be jointly true under a single interpreta-
tion of the query—and separate surface-detectable
cases as a distinct class, forming a mutually exclu-
sive partition (Figure 3, Section 3.1).

2.2 Ambiguity Detection

Directly prompting an LLM to detect ambiguity
is unreliable even for strong models (Zhang et al.,
2024). Prior methods address this through indirect
signals, but exhibit three main limitations. First,
they route every query through the same pipeline,
wasting computation when ambiguity is detectable
from surface form alone (e.g., “what is the”).

Second, diversity is an unreliable proxy. A com-
mon approach estimates ambiguity from the diver-
sity of generated outputs (Cole et al., 2023), for ex-
ample via entropy over sampled answers (Shi et al.,
2025; Kuhn et al., 2023) or LLM-simulated user
responses (Zhang and Choi, 2025). However, this
conflates aleatoric uncertainty (genuine input am-
biguity) with epistemic uncertainty (gaps in model
knowledge) (Hou et al., 2024). Hallucinations can
inflate diversity and produce false positives, while
insufficient knowledge can suppress it and cause
false negatives. Diversity also does not distinguish
incompatible answers from benign variation: “How
should I organize my desk?” yields diverse yet
compatible suggestions, producing the same high-
entropy answer set as an ambiguous query. Shi
et al. (2025) reduce the epistemic component using
oracle context, but still rely on output diversity.

Third, some methods define ambiguity relative
to a model. Kim et al. (2024a) measure ambigu-
ity through information gain between a query and
its rewrite under a specific LLM, while Zhang
et al. (2024) formalize epistemic misalignment
with respect to the LLM’s knowledge state. Al-
though intended to capture model-specific ambigu-
ity, such formulations couple detection to a particu-
lar model’s capabilities, making predictions sensi-
tive to model choice and future updates.

Yes Conflicting

valid answers?

Ambiguous Unambiguous

Resolvable
from query?

Converge to
single fact?

Yes No Yes No
Surface- Knowledge- Closed Open
detectable dependent - L
Sl 4 n?biguity unambiguity  unambiguity

Figure 3: Proposed taxonomy of query ambiguity.

In contrast, our proposed ARCHIVE defines
ambiguity via logical conflict among valid an-
swers, rather than output diversity. It filters surface-
detectable cases before generation, derives candi-
date answers from evidence context, and trains for
robustness against fabricated distractors.

3 Problem Formulation

We formalize ambiguity detection in two parts: a
taxonomy grounded in logical conflict (Section 3.1)
and a benchmark that applies this criterion to di-
verse query sources (Section 3.2).

3.1 Proposed Taxonomy

Definition. A query q is ambiguous if its valid
answers include a;, a; that cannot be jointly sat-
isfied under a single interpretation of q; it is
unambiguous if all valid answers are compatible.

Taxonomy. As shown in Figure 3, queries are
first classified as ambiguous or unambiguous based
on logical conflict, then divided into four classes:

1. Surface-detectable ambiguity. Queries whose
plausible repairs or completions yield inter-
pretations with conflicting answers (e.g., mal-
formed syntax or unanchored references).

2. Knowledge-dependent ambiguity. Well-
formed queries admitting multiple interpreta-
tions with conflicting answers (e.g., “capital of
Georgia”: Thilisi vs. Atlanta).

3. Closed unambiguity. Answers converge to a
single fact or bounded set, including answers
at varying granularities (e.g., Rome, Italy).

4. Open unambiguity. A single interpretation ad-
mits multiple compatible answers (e.g., diverse
advice for organizing a desk).
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Figure 4: Overview of ARCHIVE. Surface-detectable ambiguous (SDAmb) queries early-exit without LLM calls
(I1). Remaining queries are classified by modeling pairwise logical relations among candidate answers (12). During
training, prediction invariance after distractor augmentation enforces robustness to noisy answer sets (I3).

Surface-detectable ambiguity is prevalent in
practice: we apply heuristics (Appendix B.3) to
the 10.4M-query ORCAS corpus (Craswell et al.,
2020) and identify 124K candidate queries, of
which 1,511/6,336 reviewed cases are confirmed
as surface-detectable ambiguous.

3.2 Dataset

Existing benchmarks focus on factoid queries
with diversity-based ambiguity labels that do not
align with logical conflict. We therefore con-
struct QUIREQA (Queries with Unstructured and
Incomplete Real-world Expressions), a bench-
mark of factoid and non-factoid queries from four
sources, manually verified and re-annotated under
our four-class taxonomy (Table 2). For example,
AmbigNQ (Min et al., 2020) labels “Where is the
oldest bristlecone pine tree located?”” as ambiguous
because its answers span multiple geographic levels
(peak, state, country), yet these describe the same
location at different granularities and are closed
unambiguous under our criterion. Overall, 206 Am-
bigNQ queries flagged as ambiguous by previous
methods are unambiguous under our criterion. To
assess annotation reliability, two authors indepen-
dently annotate a shared set of 150 queries, achiev-
ing 88% agreement (Cohen’s k = 0.81). We further
annotate 3,299 oracle context passages across 680
queries, constructed by concatenating supporting
Wikipedia snippets for each ground-truth interpre-
tation of a query. Appendix B provides the source-
specific curation procedures, annotation guidelines,
and oracle context construction details.

Table 2: QUIREQA statistics. SDAmb/KDAmb:
surface-detectable/knowledge-dependent ambiguous;
Closed/Open: closed/open unambiguous.

Ambiguous  Unambiguous
Source SDAmb KDAmb Closed Open Total
ORCAS (2020) 1,512 2 60 37 1,611
AmbigNQ (2020) 0 414 1,254 11 1,679
AmbER (2021) 0 317 83 0 400
Dolly-15K (2023) 0 4 61 948 1,013
Total 1,512 737 1,458 996 4,703

4 Proposed Method

We now present ARCHIVE, a framework for ac-
curate and efficient ambiguity detection in open-
domain QA. It addresses three key challenges:

C1. Computational cost. Existing methods apply
generation and reasoning to every query, even
when ambiguity is detectable from surface
form alone. How can we avoid unnecessary
LLM inference while preserving accuracy?

C2. Ambiguity vs. answer diversity. Prior work
treats answer variability as a proxy for ambi-
guity. However, diverse answers may be mu-
tually compatible (e.g., open-ended queries),
while truly ambiguous queries exhibit conflict-
ing interpretations. How can we distinguish
true ambiguity from benign diversity?

C3. Unreliable LLM generations. LLMs may in-
troduce hallucinated contradictions or omit
valid alternative answers, causing detectors to
misestimate ambiguity. How can predictions
remain stable under such noise?
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As illustrated in Figure 4, ARCHIVE tackles
these challenges with the following main ideas:

I1. Cascaded early exit (Section 4.1).
A lightweight encoder-based module detects
surface-detectable ambiguity from the query,
bypassing LLM inference when possible.

I12. Logical conflict modeling (Section 4.2).
For remaining queries, we generate candidate
answers and model pairwise relations to detect
logical conflict among them.

I3. Answer set robustness (Section 4.3).
Distractor augmentation with an invariance
loss reduces sensitivity to hallucinated contra-
dictions, while context-grounded generation
helps recover omitted valid answers.

The early-exit and conflict modeling modules
are trained independently. The former minimizes
Lexit, Whereas the latter optimizes

Econﬂict = cCE + >\inv£inV7

where Lcg supervises classification, L;,, enforces
distractor invariance, and A,y controls its strength.

4.1 Cascaded Early Exit

The first stage of ARCHIVE detects surface-
detectable ambiguity (SDAmb) with a lightweight
classifier on a frozen text encoder. This reduces cost
and latency by reserving LLM calls for queries that
require deeper reasoning. Given a query g, the en-
coder produces a mean-pooled query embedding
h, € R<. A trainable linear classifier head with
sigmoid activation estimates p = P(SDAmb | h,).
It is trained with binary cross-entropy:

Eexit = _Elogp - (1 - 6) log(l _p)7

where ¢ € {0,1} denotes the SDAmb label. At
inference, queries with p > 7 exit early and return
the SDAmb label, where 7 is a validation-tuned
routing threshold. Otherwise, ARCHIVE forwards
the query and its embedding to the conflict model-
ing module for deeper analysis.

4.2 Logical Conflict Modeling

For queries not handled by early exit, the con-
flict modeling module predicts one of three la-
bels: knowledge-dependent ambiguity (KDAmb),
closed unambiguity (Closed), or open unambiguity
(Open). The key insight is that ambiguity manifests
as logical conflict among valid answers, not answer
diversity. The module thus generates candidate an-
swers for a given query, employs natural language

inference (NLI) to organize their pairwise relations
into a grid that separates contradictions from com-
patible variations, and classifies the query from a
query-conditioned refinement of that grid.

Answer generation. For each query ¢, we first
generate a set {a1, ..., ax} of k=10 candidate an-
swers for conflict analysis. We prompt an LLM
five times to produce multiple answers covering
different interpretations of g, formatted as short
declarative statements for reliable downstream NLI.
The top-k most frequent unique answers constitute
the final set. If fewer than k£ unique answers are
produced, we pad the set by duplicating existing
entries in proportion to their frequency, ensuring a
fixed-size grid. Generation is conditioned on con-
text when available, as described below. See Appen-
dices D and F for generation details and prompts.

Pairwise relation grid. Rather than relying on
indirect proxies, we model the logical structure
among candidate answers as pairwise NLI relations.
Given the answer set {a1, ..., ax}, we construct a
relation grid S € R¥***3_ For each ordered pair
(a;,aj) with i # j, a frozen NLI model (Laurer
et al., 2022) predicts a distribution over entailment
(F), neutral (V), and contradiction (C'), indicating
whether a; entails, is neutral to, or contradicts a;:

Si,j = [pEvavpC} S [07 1]3, ZPT = 1.
re{E,N,C}

Thus, each channel of S represents one relation
type over all k2 pairs. Diagonal entries are zeroed
because self-relations are uninformative.

Query-conditioned relation refinement. The
grid S isolates answer-level conflict, the core signal
of ambiguity under our definition. However, its in-
terpretation depends on the query. Open unambigu-
ous queries naturally produce neutral-dominated
grids due to diverse compatible answers, while
closed unambiguous queries may occasionally ap-
pear similar when NLI fails to recognize equivalent
facts. To mitigate this noise, we apply a lightweight
query gate that recalibrates the entailment, neutral,
and contradiction channels of S. The query embed-
ding h,, is first projected as hj™ = foi(h,) and
mapped to per-channel scaling factors:

g = 20 fauie (B2"™)) € R,

where f.; is a linear layer with ReL.U activation,
foate 1s @ 2-layer MLP with ReLU activation, and
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What is the capital of Georgia? Where is the Colosseum?
knowledge-dependent closed unambiguous
ambiguous + distractor
NP

ﬁ“)\\{k\o\\ﬁ\b\é\?&%ﬁ *° \\3\% 0““ ?»“‘OQ
Thilisi Rome
Thilisi Ttaly
Atlanta Dubai
Atlanta Europe

Entailment Neutral Contradiction

Figure 5: Contradiction patterns distinguish genuine
ambiguity from a distractor. Genuine ambiguity yields
distributed contradictions (Left), whereas a distractor
yields isolated row/column contradictions (Right).

o denotes a sigmoid applied externally to the out-
put of fgae. The factor of 2 centers g at the iden-
tity (g = 1 leaves S unchanged). The query gate
g = [9E, gn, gc| acts as a channel-wise tempera-
ture on the relation logits:

Si’j = softmaer{E,Nyc} (log(Sivj + 6) ® g) ,

where the softmax is applied for each pair (i, j)
over the three NLI channels, ® is elementwise
multiplication, and e ensures numerical stability.
gr > 1 sharpens relation type r, whereas g, < 1
suppresses it. A single shared g is applied to all
k? pairs for efficient query-dependent refinement;
pair-specific conflict remains encoded in the scores
S;,j- Figure 8 in Appendix J shows examples of S.

Classification. Given the flattened grid yec(g ) €
R3* and projected query embedding hi™, we gen-
erate class logits

fclg([vec( ): hgfoi]) € R?,

where fs is a 2-layer MLP with ReLU activation,
and vec(-) denotes vectorization. Concatenating
h}™ grounds grid patterns in query intent, enabling
finer distinctions (e.g., open vs. closed unambigu-
ous) that channel-wise modulation alone cannot
make. The classifier is trained with cross-entropy:

Lcg = — log softmax(q)ex,

where ¢* € {KDAmb, Closed, Open} is the
ground-truth class.

4.3 Answer Set Robustness

The conflict modeling module depends on the can-
didate answer set, but LLLM generation may hallu-
cinate unsupported answers or omit valid interpre-
tations. We address hallucination with distractor
invariance and omission with context grounding.

Algorithm 1 ARCHIVE Inference

Input: Query g, context c, and threshold 7
Output: y € {SDAmb, KDAmb, Closed, Open}

g~ A 2U(fgate(fpr0j(hq)))
S < Refine(S, g)

3+ fas([vec(S); foroj(hy)]) ® classification
return arg max g

> query gate
> refinement

1: hy, p + EarlyExit(q) > surface check
2: if p > 7 then

3: return SDAmb > early exit
4: end if

5: {a;}¥_, + LLM(q, c)

6: S < NLI(ai,...,ax) > relation grid
7:

8:

9:

_
e

Invariance to distractors. Hallucinated answers
should not change the predicted ambiguity label.
We therefore train the classifier to be invariant to a
synthetic distractor inserted into the candidate an-
swer set. In QUIREQA, the LLM always produces
fewer than k=10 unique answers. Thus, at least one
duplicate answer is always present in {a1, ..., a},
which we replace with an LLM-generated distrac-
tor (see Appendix F for the prompt). This distractor
matches the form of valid answers but is factually
invalid, contradicting the valid answers or available
context. As Figure 5 shows, such distractors cre-
ate pointwise rather than distributed contradictions.
We enforce invariance during training by minimiz-
ing the KL divergence between classifier logits on
clean (y) and augmented (") inputs:

Liny = KL(softmax(g™) || softmax(y)) .

Context grounding. Distractor invariance han-
dles hallucinated answers, but cannot recover valid
answers the LLM omits when generating with-
out context. We thus provide an oracle context
passage—a relevant document supplied with the
query—during answer generation. This anchors
candidate answers in external evidence and better
covers the query’s valid answer space.

4.4 Inference

Algorithm 1 shows the inference pipeline. The
early-exit module first estimates the probability of
surface-detectable ambiguity; if p > 7, the pipeline
exits without LLM calls. Otherwise, the conflict
modeling module generates answers, builds and
refines an NLI relation grid, and combines the grid
with the query embedding to predict arg max g.
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Table 3: Defining ambiguity by logical conflict improves taxonomy utility. Rows vary only by taxonomy. CQ/Ans
BERTScore are computed on knowledge-dependent ambiguous and closed-unambiguous queries, respectively.

Backbone Taxonomy Fl-amb F1-unamb CQ BERTScore  Ans BERTScore
Zhang et al. (2024) 36.20 28.57 82.08 80.81
Tang et al. (2025) 64.99 0.00 84.37 79.42
LLaMA-2-TB iim et al. (2025) 64.92 0.00 82.51 78.68
ARCHIVE (proposed) 69.83 64.21 83.69 83.97
Zhang et al. (2024) 69.58 36.70 81.34 82.04
Tang et al. (2025) 65.82 17.06 86.18 82.57
Qwen2.5-14B i et al. (2025) 67.86 28.42 83.22 83.01
ARCHIVE (proposed) 75.25 64.84 86.70 83.76
5 Experiments Metrics. We report per-class F1 (Fl-amb, F1-

We evaluate ARCHIVE across five key questions:

Q1. Taxonomy utility (Section 5.2). Does the pro-
posed taxonomy outperform existing ones in
ambiguity detection and response generation?

Q2. Binary ambiguity detection (Section 5.3).
Does ARCHIVE improve binary ambiguity de-
tection accuracy over prior methods?

Q3. Fine-grained detection (Section 5.4). Does
ARCHIVE accurately predict the four classes?

Q4. Efficiency (Section 5.5). Does the cascade
reduce cost while preserving accuracy?

Q5. Ablation (Section 5.6). How much does each
module contribute to the overall performance?

Appendices E and I provide additional analyses on
hyperparameter and context quality sensitivity.

5.1 Experimental Setup

Dataset. We train and evaluate on QUIREQA, us-
ing 8:1:1 train/validation/test split. Of the 471 test
queries, 218 have oracle context and form the fac-
toid subset. Table 4 reports results for this subset
without context grounding, following prior work;
experiments on the full 471-query test set condi-
tion the LLM on context when available. For out-
of-distribution evaluation, we additionally test on
AmbigTriviaQA, which provides binary ambigu-
ous/unambiguous labels. See Appendix C for con-
struction details following Kim et al. (2024a).

Backbones. The conflict modeling module is
model-agnostic; we instantiate it with LLaMA-2-
7B (Touvron and 67 others, 2023) and Qwen2.5-
14B-Instruct (Qwen Team, 2025). The early-exit
module uses DeBERTa-v3-base (He et al., 2023).
Pairwise relations are computed with the released
DeBERTa-v3 NLI checkpoint of Laurer et al.
(2022). All backbone models are kept frozen.

unamb) for binary detection; 4-way classification
uses macro- and per-class F1. Generation quality is
measured with BERTScore (Zhang et al., 2020) for
answers and clarifying questions. Latency is mean
inference time per query. In all tables, bold and
underline mark the best and second-best results per
column, respectively. We report results averaged
over 3 seeds.

Competitors. We compare with nine methods:
(1) prompting: Direct, a simple QA prompt, Ambig-
Aware (Kim et al., 2024a) with ambiguity-specific
instructions, Self-Ask (Amayuelas et al., 2024),
which generates an answer before judging ambigu-
ity, and CoT w/ taxonomy, adapted from Tang et al.
(2025) using our taxonomy; (2) diversity heuris-
tics: Frequency, Entropy, Intent-Sim (Zhang and
Choi, 2025), which infer ambiguity from diversity;
and (3) trained models: APA (Kim et al., 2024a)
and Shi et al. (2025). We map ARCHIVE’s four
classes to ambiguous (SDAmb, KDAmb) or unam-
biguous (Closed, Open) for F1-amb and F1-unamb,
matching the binary output of most baselines. See
Appendix H for details on baseline adaptation.

5.2 Taxonomy Utility (Q1)

We evaluate whether the proposed taxonomy im-
proves detection and downstream response quality
over prior taxonomies. To isolate its effect, we fix
the prompt and vary only the taxonomy. We eval-
uate all queries, conditioning the LLM on oracle
context when available. CQ and Ans BERTScore
measure response quality on KDAmb and Closed
queries, respectively—the classes with available
references. We construct pseudo-reference clarify-
ing questions by adapting the clarification prompt
of Kim et al. (2024a) to each query and its gold dis-
ambiguation (see Appendix G for details). Table 3
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Table 4: ARCHIVE achieves the highest F1 in binary ambiguity detection. Factoid queries with no context are
used, matching prior detection work. Shi et al. (2025) are omitted here as they assume access to oracle context.

QUIREQA AmbigTriviaQA
Backbone Method
Fl-amb Fl-unamb Fl-amb F1-unamb
Direct 2.77 59.52 55.99 1.17
Ambig-Aware 49.70 0.00 56.76 0.80
Self-Ask 33.98 64.04 54.61 56.54
CoT w/ taxonomy 49.85 4.01 49.14 57.80
LLaMA-2-7B Frequency 49.70 0.00 56.67 0.00
Entropy 48.80 32.14 39.72 30.87
Intent-Sim 41.84 66.57 28.01 48.13
APA 52.24 20.94 25.53 60.06
ARCHIVE (proposed) 58.96 85.57 60.55 66.58
Direct 3.74 68.76 25.34 59.60
Ambig-Aware 45.32 69.18 65.75 61.98
Self-Ask 34.51 72.43 65.54 68.22
CoT w/ taxonomy 45.27 69.87 69.67 62.39
Qwen2.5-14B Frequency 49.70 0.00 66.67 0.00
Entropy 49.67 242 66.84 6.80
Intent-Sim 48.68 15.91 71.08 59.67
APA 50.88 64.05 53.95 67.22
ARCHIVE (proposed) 61.31 85.66 79.19 69.04

Table 5: ARCHIVE outperforms baselines in 4-way classification. We evaluate on all queries with the LLM condi-
tioned on oracle context when available. SDAmb/KDAmb: surface-detectable/knowledge-dependent ambiguous;

Closed/Open: closed/open unambiguous.

Per-Class F1
Backbone Method Macro-F1
SDAmb KDAmb Closed Open
CoT w/ taxonomy 41.04 79.99 35.54 6.29 42.33
LLaMA-27B 4 cnive (proposed) 84.63 99.68 61.86 80.68 92.29
Qwen2.5-14B CoT w/ taxonomy 76.99 96.17 59.33 74.70 77.76
’ ARCHIVE (proposed) 85.55 99.79 65.89 81.73 94.78

shows that our taxonomy yields the strongest de-
tection and competitive response quality relative
to symptom-based (Zhang et al., 2024), action-
oriented (Tang et al., 2025), and linguistic (Tanjim
et al., 2025) alternatives, supporting logical conflict
as a useful criterion.

5.3 Binary Ambiguity Detection (Q2)

We examine whether modeling logical conflict im-
proves binary ambiguity detection even under the
context-free setting of prior work. Table 4 shows
that ARCHIVE achieves the highest F1-amb and F1-
unamb across both datasets and backbones, with
the largest gains on F1-unamb. This demonstrates
that logical conflict remains effective without ex-
ternal grounding. Gains on AmbigTriviaQA fur-
ther show that this advantage generalizes beyond
QUIREQA’s annotation patterns. By contrast, base-

lines struggle to balance the two metrics: direct
prompting often collapses to a single class, while
the frequency heuristic yields zero F1-unamb by
counting paraphrases as separate answers.

5.4 4-Way Classification (Q3)

We assess whether ARCHIVE achieves accurate
fine-grained ambiguity detection across the four-
class taxonomy. Table 5 reports 4-way classi-
fication using our taxonomy across all queries,
with the LLM given oracle context when avail-
able. ARCHIVE outperforms CoT w/ taxonomy
on macro-F1, with near-perfect performance on
SDAmb queries and large gains on unambiguous
classes (Closed, Open). Although KDAmb remains
the most challenging class, pairwise relation mod-
eling still delivers consistent improvements, high-
lighting its ability to capture logical conflict.
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Table 6: ARCHIVE achieves the highest F1 at the
lowest latency. Results use Qwen2.5-14B on all queries,
with oracle context when available.

Table 7: Each component of ARCHIVE contributes.
Results use Qwen2.5-14B on all queries, with oracle
context when available.

wewd B BT Mo e e EC Do b UG
Direct 1 0.44 68.55 78.76 w/o routing 74.58 82.14 81.22 0.16
Ambig-Aware 1 0.44 78.57 78.17 w/0 Liny 83.46 87.99 86.12 0.13
CoT w/ taxonomy 1 2.13 86.72 88.16 wlo S (hg only) 80.67 87.55 85.45 0.14
Self-Ask 2 0.56 75.35 77.14 w/o gate 82.22 86.89 87.94 0.15
Frequency 10 0.18 64.99 0.00 ARCHIVE (full) 85.55 89.11 89.87 0.13
Entropy 10 0.18 64.95 1.40

Shi et al. 10 0.47 44.78 45.65

Intent-Sim 11 0.21 65.31 39.53 6 Conclusion

ARCHIVE 3.34 0.13 89.11 89.87

5.5 Efficiency Analysis (Q4)

We evaluate whether the proposed cascade lowers
both latency and inference cost without sacrific-
ing accuracy. Table 6 compares LLM calls, latency,
and F1 across all methods. ARCHIVE achieves the
lowest latency (0.13s) and highest accuracy, run-
ning 16 x faster than the most accurate competitor.
Although CoT w/ taxonomy issues only one LLM
call, its long rationales require 2.13s per query,
showing that call count alone does not determine la-
tency. ARCHIVE’s early-exit module filters SDAmb
queries before candidate-answer generation, reduc-
ing the average cost to 3.34 LLM calls per query,
versus 10 or more for heuristic and sampling-based
baselines.

5.6 Ablation Study (Q5)

We conduct an ablation study to evaluate the contri-
bution of each ARCHIVE component. Table 7 com-
pares the full model with four variants: (1) w/o rout-
ing, where the conflict modeling module predicts
all four classes including SDAmb; (2) w/o Liny,
removing the invariance loss; (3) w/o S, using only
the query embedding h,; and (4) w/o gate, remov-
ing query-conditioned gating. We make four obser-
vations. First, the no-routing variant lowers macro-
F1 and increases latency relative to full ARCHIVE,
showing that early exit improves both end-to-end
accuracy and efficiency. Second, removing Liy,y re-
duces both F1 metrics. Third, using only the query
embedding h, causes the largest macro-F1 drop
among non-routing variants, demonstrating the im-
portance of pairwise relations. Finally, removing
the gate degrades F1-amb the most, confirming the
value of query-conditioned channel recalibration.

We propose a four-class taxonomy based on logical
conflict and construct QUIREQA, a benchmark for
its evaluation. We present ARCHIVE, a framework
for accurate and efficient ambiguity detection in
open-domain QA. ARCHIVE combines an early-
exit module for LLM-free detection of visibly am-
biguous or malformed queries, and a conflict mod-
eling module for query-conditioned NLI over can-
didate answers. Experiments show that ARCHIVE
improves F1-amb and F1-unamb by up to 10.4 and
21.6 points, respectively, with 16 x faster inference
than the highest-accuracy baseline. These results
illustrate that modeling ambiguity via structured
logical conflict outperforms diversity-based proxies
in both detection quality and computational cost.
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Limitations

We acknowledge several limitations of this work.
First, the conflict modeling module depends on
a frozen LLM to generate candidate answers. Al-
though query-gated refinement and distractor aug-
mentation mitigate hallucination noise, a weak
backbone can still limit performance. Second, al-
though QUIREQA aggregates multiple QA bench-
marks, it may not fully capture the distribution of
queries in real-world deployments. Specifically, we
filter out (1) temporally evolving queries whose
answers change over time (e.g., “When will the
next Olympics be held?”’) and (2) user-dependent
queries (e.g., “What’s my IP address?”’). We ap-
ply these exclusions to keep ground-truth annota-
tions stable and reproducible. Finally, distinguish-
ing knowledge-dependent ambiguity from closed
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unambiguity depends on the NLI model’s ability to
recognize genuine contradictions among candidate
answers. Standard NLI training emphasizes textual
entailment between sentence pairs, but our task of-
ten requires entity-level knowledge to determine
whether two candidate answers are genuinely in-
compatible. When the NLI model lacks this knowl-
edge, it may assign weak contradiction scores. The
query-conditioned gate has limited corrective ca-
pacity in these cases because it rescales existing
signals rather than introducing new knowledge. In-
corporating knowledge-aware or domain-adapted
NLI models is a promising direction.

Ethical Considerations

All source datasets are publicly available, contain
no personally identifiable information, and were
vetted by their authors. During curation, we addi-
tionally sample-checked 100 queries per source for
personally identifying information and offensive
content; we found none. There is an inherent risk
of propagating social biases in those models be-
cause ARCHIVE relies on frozen LLMs to generate
candidate answers; we manually inspected gener-
ated outputs and found no harmful content, though
subtle biases may have been overlooked. ARCHIVE
serves as a classification module rather than a user-
facing generation system, but ambiguity detectors
could be misused to suppress legitimate user intent
and should be deployed with safeguards.
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A Notation

Table 8 summarizes the paper’s notation.

Table 8: Summary of notation.

Symbol  Description
q User query
c Optional context passage
y Ambiguity label € {SDAmb, KDAmb, Closed,
Open}
4 Predicted class logits
l Binary surface-detectable ambiguous label (1
if ¢ is SDAmb, else 0)
T Early-exit routing threshold
d Encoder embedding dimension
k Size of the candidate answer set
h, Query representation € R?
hg"’j Projected query representation
g Query-conditioned gate vector € R3
S Pairwise NLI relation grid € R¥>**3
S Refined relation grid (query-gated)
Lexit Binary cross-entropy loss for the
early-exit module
Lck Cross-entropy classification loss
Liny Invariance loss
Ainy Weight for invariance loss
€ Numerical stability constant

B QuireQA Construction

We construct QUIREQA, a benchmark of factoid
and non-factoid queries under our four-class tax-
onomy. QUIREQA draws from four sources: OR-
CAS (Craswell et al., 2020) for web-search queries,
including surface defects; AmbigNQ (Min et al.,
2020) for factoid queries derived from Natural
Questions (Kwiatkowski and 17 others, 2019) with
crowdsourced disambiguations; AmbER (Chen
et al., 2021) for Wikipedia-grounded entity disam-
biguation queries; and Dolly-15K (Conover et al.,
2023) for human-written instructions with open-
ended and closed-form unambiguous queries. We
annotate 3,299 oracle context passages from En-
glish Wikipedia for 680 queries. Table 9 shows rep-
resentative examples from each source and class.

B.1 Data Format

Each sample in QUIREQA contains a query, a tax-
onomy label, and, where applicable, valid interpre-
tations; each interpretation consists of a clarifica-
tion, valid answers, and optional supporting context.
Knowledge-dependent ambiguous (KDAmb) sam-
ples contain multiple incompatible interpretations,
whereas unambiguous samples (Closed and Open)
contain a single interpretation whose answers are

mutually compatible. Closed queries have a finite
valid-answer set; Open queries have an unbounded
answer space, so we store one representative valid
answer rather than attempting full enumeration.
Representative answers come from source anno-
tations when available and are otherwise generated
during dataset construction.

Surface-detectable ambiguous (SDAmb) sam-
ples do not include answer annotations because
their interpretations arise from an open-ended
space of plausible repairs or completions. For in-
stance, “where is the” could be completed as a
question about the Colosseum or the Eiffel Tower,
yielding incompatible answers such as Rome or
Paris. Since these cases lack a bounded set of
canonical repairs, we treat SDAmb queries as re-
quiring clarification rather than exhaustively anno-
tating all interpretations and answers.

B.2 Annotation Protocol and Reliability

All labels and annotations are produced by the au-
thors, who are fluent in English. The authors apply
the four-class taxonomy to every query. Each query
from the four sources is manually inspected and
verified. To assess label reliability, two authors in-
dependently annotate a shared set of 150 queries
spanning all four classes (50 SDAmb, 35 KDAmb,
35 Closed, and 30 Open). They achieve 88% agree-
ment (Cohen’s x = 0.81). Remaining disagree-
ments are resolved through discussion or, when
necessary, adjudication by a third author.

During annotation, we exclude KDAmb can-
didates whose interpretations yield identical an-
swer sets. Although such queries may be entity-
ambiguous, they are not ambiguous under our
conflict-based definition when the competing in-
terpretations do not induce incompatible answers.
Since all plausible interpretations support the same
answer, a system can answer directly without first
asking the user to disambiguate.

B.3 ORCAS Dataset

ORCAS (Craswell et al., 2020) consists of real-
world user search queries. We use it primarily to
source surface-detectable ambiguity, while also re-
taining manually verified non-SDAmb cases that
satisfy the taxonomy definitions. Because the full
10.4M-query corpus is large, we use lightweight,
high-recall regex heuristics to retrieve candidate
surface defects. These heuristics target three non-
exclusive pattern families, described below.
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Table 9: Representative examples in QUIREQA by source and taxonomy class.

Source Taxonomy Class Example Query & Details
Surface-detectable Queryf 1u}L11u1 s th
ambiguous Query: what is the
Query: who sings this
ORCAS Closed unambiguous Query: what k}nd O.f word is and
Answer: a conjunction
Open unambicuous Query: what does asdfghjkl mean
P & Answer: Often used to represent random typing or keysmashing . ..
Query: When did the Simpsons first air on television?
Knowledge—dependent Answers: April 19, 1987 (animated short) vs. December 17, 1989
ambiguous (prime time show)
: i i ?
AmbigNQ Closed unambiguous Query: Wha.t is the greek word for city state?
Answer: polis
Open unambicuous Query: What kind of meat is used for shabu shabu?
P & Answer: top sirloin, ribeye steak, Wagyu, ...
Knowledge-dependent Query: What does Billy Preston play?. o
ambiguous Answers: basketball (the athlete) vs. piano (the musician)
AmbER ;
Closed unambiguous Query: Who directed The Godfather?
& Answer: Francis Ford Coppola
. Query: How can I sleep well at night?
Open unambiguous Answer: Here are some suggestions for a good night’s rest ...
Dolly-15K

Closed unambiguous

Query: How many planets make up the Solar System?
Answer: 8

Table 10: Prompt for generating representative answers for open unambiguous ORCAS queries. The prompt
produces one valid answer rather than enumerating the full answer space.

Task. Given an open-ended unambiguous query, generate a valid representative answer.

Rules.

1. Provide one plausible answer that directly addresses the query.
2. If the query requires factual information, provide an answer that is broadly correct and verifiable; do not invent

unsupported details.

3. Do not attempt to enumerate all possible valid answers.

4. Keep the answer concise: one sentence or a short list is preferred.

5. Return only valid JSON: {"answer": "..."}.

Query: {query}
Answer:

* Meaningless noise. Queries consisting entirely
of non-alphanumeric symbols, keyboard se-
quences (e.g., asdfghjkl;’#), consonant clus-
ters (e.g., fffrff), or vowel runs (e.g., iuuui)
that render the string unintelligible.

* Structural incompleteness. Queries with trun-
cated syntax or missing arguments, including
stub questions (e.g., where are), dangling deter-
miners or articles (e.g., what is the), incom-
plete comparisons (e.g., steam vs), and frag-
ments ending in a preposition (e.g., when to).

* Referential underspecification. Syntactically
complete queries containing pronouns or definite
noun phrases whose referents cannot be resolved
from the query alone (e.g., who sings this,
what is the movie, can i watch it).

Manual verification. Heuristic matching on the
full dataset yields ~124K candidate queries. We
randomly sample 6,336 candidates and manually
label each as a true surface-detectable case or a
false positive; 1,511 are confirmed as genuine. Re-
curring false positives (e.g., what kind of word
is and, hermes is the god of) are added to
rejection lists and excluded from later sampling.
Candidates filtered out as non-SDAmb are manu-
ally relabeled under the full taxonomy rather than
discarded. For KDAmb and Closed cases requiring
grounding, we annotate 53 oracle context passages
across 46 samples. For Open cases, whose answer
spaces are unbounded, we generate one representa-
tive valid answer using the prompt in Table 10.
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B.4 AmbigNQ Dataset

AmbigNQ (Min et al., 2020) provides factoid ques-
tions with crowdsourced disambiguations, as well
as single-answer questions from Natural Ques-
tions (Kwiatkowski and 17 others, 2019). We use
the former as candidates for knowledge-dependent
ambiguity and the latter as candidates for closed
unambiguity.

Conflict-based relabeling criterion. AmbigNQ
considers a question ambiguous if it admits multi-
ple valid interpretations, each resolved by a disam-
biguated rewrite. This definition is well-suited for
generating disambiguated question—answer pairs,
but does not match our notion of logical conflict
among answers. For example, the query “Where is
the oldest bristlecone pine tree located?”” admits an-
swers at different geographic granularities, such as
a peak, state, and country. We treat these as one in-
terpretation because they identify the same referent
at different levels of specificity. To formalize this
distinction, we enforce a conflict-based criterion:
two candidate answers belong to the same interpre-
tation if both can be included in a single response
without making either incorrect, irrelevant, or mis-
leading. If including one answer renders the other
false or inapplicable, they constitute distinct, in-
compatible interpretations. Annotators were given
the following guidelines:

» List merge: If answers are complementary ele-
ments of the same response (e.g., filming loca-
tions for “Where was Pirates of the Caribbean 2
filmed?”), they form a single interpretation.

* Granularity merge: If answers identify the
same referent at different levels of specificity
(e.g., the peak, state, and country for “Where is
the oldest bristlecone pine tree located?”), they
form a single interpretation.

* Aspect merge: If answers describe facets of the
same referent or event (e.g., the band and vocal-
ist for “Who sings A Crazy Little Thing Called
Love?”), they form a single interpretation.

Curation summary. Table 11 summarizes our
curation process. We randomly sample 2,000 Am-
bigNQ queries to enable exhaustive manual in-
spection under our conflict-based criterion while
maintaining balance across taxonomy classes. We
exclude 321 queries whose answers change over
time, leaving 1,679 AmbigNQ-derived samples in
QUIREQA. Because AmbigNQ’s original labels do
not always match our conflict-based taxonomy, we

Table 11: Summary of AmbigNQ curation. The top
block tracks sample counts from the initial pool to the
retained set; the lower block reports revision operations
on the 1,679 retained samples, which may overlap.

Curation # Samples

Initial AmbigNQ samples 2,000
Excluded temporally evolving queries 321

Retained samples 1,679
Added oracle context passages 196
Corrected wrong or outdated answers 73
Added missing answers 56
Relabeled ambiguous — unambiguous 206
Relabeled unambiguous — ambiguous 15
Flagged stable time-dependent queries 28
Rewrote completed future-tense queries 13

further revise the retained samples. These revisions
fall into two categories: (1) data-quality fixes: we
annotate 2,409 oracle context passages across 196
factoid samples, correct outdated or wrong answers,
and supply missing answers; (2) label corrections:
in addition to 206 ambiguous — unambiguous re-
labelings, we relabel 15 samples unambiguous —
ambiguous, where the original single-answer anno-
tation overlooks a competing interpretation.

Temporal handling. The excluded queries are
those whose ground truth changes over time. We
nonetheless retain 28 technically time-dependent
queries whose answers are expected to remain rel-
atively stable for the foreseeable future, and flag
them for future re-validation (e.g., “The most pop-
ulous country in the world is?” — India). We also
rewrite 13 future-tense queries about completed
events into the past tense, making their answers
fixed and reproducible.

B.S AmbER Dataset

AmbER (Chen et al., 2021) contains groups of
Wikipedia entities that share a surface name, such
as “Billy Preston” for both the basketball player
and the musician. We instantiate queries from
these entity groups using GPT-40 (OpenAl, 2024),
following the prompts in Table 12. Ambiguous
queries mention only the shared underspecified
name and remain plausible for multiple entities
in the group; we label them knowledge-dependent
ambiguous because resolving the intended referent
requires entity-level disambiguation. Closed un-
ambiguous queries add a minimal descriptor (e.g.,
“the musician” or “the basketball player”) to iden-
tify the intended referent. This construction keeps
query forms similar across labels while making the

58324



Table 12: GPT-40 prompts used to instantiate AmbER queries. Labels are assigned deterministically from the
AmbER entity-group structure: queries that contain a shared surface name and omit disambiguating descriptors are
labeled knowledge-dependent ambiguous. Queries with disambiguating descriptors are labeled closed unambiguous.

Label

Prompt

Knowledge-dependent
ambiguous

Task: Given an ambiguous entity name and its Wikipedia interpretations, generate a query that

mentions only the shared entity name and could reasonably refer to multiple interpretations.

Rules.

1. The query must be genuinely ambiguous across the provided interpretations and must not
include disambiguating descriptors.

2. Use the associated properties to choose a plausible query relation that can apply to multiple

interpretations.

3. Each answer must be extractable from the corresponding context passage.

4. Return only valid JSON: {"query": "...", "interpretations": [{"qid": "...", "wikipedia_title": "...",
"clarification": "...", "answers": ["..."]}]}.

Input format. For each ambiguous entity group:

Entity name: {name}

Interpretations, one per entity sharing the surface name:

Entity: {title of Wikipedia article}

Context: {first 3 sentences from Wikipedia article}
Candidate relations/properties: {property name} - {top-5 values}

Task: Given a target Wikipedia interpretation from an ambiguous entity group, generate a query
that identifies the intended referent.

Rules.

1. Add only the minimal descriptor needed to identify the intended referent, such as an occupation,

work type, nationality, or domain.
2. Use the associated properties to choose a plausible query relation for the target referent.

Closed unambiguous

3. Each answer must be extractable from the corresponding context passage.

non

4. Return only valid JSON: {"query": "...", "label": "closed unambiguous", "answers": ["..."]}.

Input format.
Shared surface name: {name}

Target referent: {title of Wikipedia article}
Context: {first 3 sentences from Wikipedia article}
Associated properties: {property name} - {top-5 values}

distinction depend on entity-level disambiguation
rather than template-level artifacts. We manually
verify every query for label correctness and entity
plausibility, annotating 786 oracle context passages
across 400 samples by checking that each passage
supports the intended entity.

B.6 Dolly-15K Dataset

Dolly-15K (Conover et al., 2023) contains human-
generated instruction—response pairs across diverse
task categories. We specifically filter for general
QA and brainstorming tasks, which primarily yield
open unambiguous queries with multiple compati-
ble responses. Queries with a closed answer space,
such as a fixed list or single factual answer, are
labeled closed unambiguous. The authors manually
verify this closed-versus-open assignment for every
query. We additionally annotate 51 oracle context
passages across 38 queries.

C AmbigTriviaQA Construction

We build AmbigTriviaQA as an out-of-distribution
evaluation set by deriving ambiguous questions
from TriviaQA (Joshi et al., 2017), adapting the pro-

Table 13: GPT-40 ambiguation prompt for constructing
the AmbigTriviaQA dataset.

Please make the following question ambiguous.

Your task is to introduce ambiguity by altering the speci-
ficity of the noun phrase or omitting crucial details from
the statement. Keep the rest of the sentence unchanged
except for the modified sections.

Generate only the revised statement.

Question: {question}

Ambiguation:

Table 14: GPT-4o verification prompt for constructing
the AmbigTriviaQA dataset.

An ambiguous question has multiple valid answers.

Is the following question ambiguous with multiple pos-
sible answers? Answer only in Yes or No.

Question: {ambiguous generation}

Yes or No:

cedure of Kim et al. (2024a). Each original question
is first rewritten into an ambiguous form by GPT-
40 using the template in Table 13. GPT-4o0 then re-
examines every rewrite (Table 14) as an automatic
quality filter, and any rewrite it does not judge am-
biguous is discarded. Example ambiguation pairs
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Table 15: Example ambiguation pairs in AmbigTriviaQA. The ambiguated phrase is highlighted in bold.

Original Question

Ambiguated Question

What is Uma Thurman’s middle name?
Who directed Back to the Future?
In which year was CNN founded?

What is the middle name?
Who directed that movie?

When was it founded?

are shown in Table 15. To mitigate confirmation
bias from using the same model for generation and
filtering, the authors review the surviving questions
and curate the final set. The resulting set contains
1,000 queries, evenly split into 500 ambiguous and
500 unambiguous.

D Implementation Details

We split QUIREQA into train/validation/test sets
(3,762/470/471; 8:1:1). The conflict modeling mod-
ule is trained on the non-SDAmb subset (~2,540
samples per seed). At evaluation, the test split is
routed end-to-end through the early-exit and con-
flict modeling modules. Among the test queries,
218 have oracle context passages; we call these
the factoid subset. The factoid setting uses this
218-query subset: Table 4 follows prior work with
context-free candidate-answer generation, while
Table 28 compares no context, DPR-retrieved con-
text (Karpukhin et al., 2020), and oracle context.
The all-query setting (Tables 3, 5, 6, and 7) cov-
ers the full test split and grounds candidate-answer
generation in context when available.

The early-exit module trains a linear head
on a frozen DeBERTa-v3-base encoder for 8
epochs using AdamW (Loshchilov and Hutter,
2019) with learning rate 2x10~%, weight de-
cay 0.01, and gradient clipping 1.0. The conflict
modeling module keeps the encoder frozen and
trains only lightweight heads for 200 epochs us-
ing AdamW (learning rate 10~%, weight decay
0.01). We use batch size 16 for both modules,
retain k=10 answers after deduplication, and set
Ainv=1.0. Pairwise relations are computed using a
frozen DeBERTa-v3-base NLI model fine-tuned on
MNLI (Williams et al., 2018), FEVER (Thorne
et al,, 2018), and ANLI (Nie et al., 2020).
Candidate-answer generation uses five LLM calls
at temperature 0.7. When fewer than k£ unique
answers are produced, we fill remaining slots by
frequency-proportional duplication; if parsing fails,
all slots are set to Unknown (< 0.5% of queries). Dis-
tractor generation replaces one duplicate slot with
an LLM-generated distractor sampled at tempera-
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Figure 6: ARCHIVE is robust to early-exit threshold
selection. Macro-F1 remains stable across a broad range
of early-exit thresholds (a), while higher thresholds
route more queries to the LLM (b). Colored curves show
per-seed sweeps using Qwen2.5-14B-Instruct; dotted
vertical lines indicate validation-selected thresholds; and
cropped y-axes highlight threshold-dependent trends.

ture 0.8. We implement models in PyTorch (Paszke
and 20 others, 2019) 2.10 with Hugging Face Trans-
formers (Wolf and 21 others, 2020) 4.57.6 and
vLLM (Kwon et al., 2023) 0.19.1. We run experi-
ments on one node with 2x NVIDIA B200 GPUs.

E Hyperparameter Sensitivity

E.1 Early-exit Threshold

Figure 6 reports per-seed test-set sweeps of the
early-exit routing threshold 7 over [0.05, 0.95] us-
ing Qwen2.5-14B-Instruct checkpoints, with the
full ARCHIVE pipeline evaluated end-to-end. The
threshold trades off early-exit efficiency and detec-
tion accuracy; the operating value is selected on the
validation split to maximize the early-exit module’s
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Table 16: Prompts for candidate-answer generation. The context-grounded prompt is used when oracle context is
available; otherwise, the context-free prompt is used. Three examples for each prompt are omitted for brevity.

Setting Prompt

Task: You will receive a question and grounding context. Produce a JSON list of candidate answers.

Rules.

1. Identify all plausible candidate answers supported by the context.
2. If the context supports multiple dates, locations, entities, or facets, extract each as a separate

candidate answer.

Context-grounded

A

mine...”.
Question: {question}
Context: {context}
Answers:

Each answer must be a short, independent, declarative sentence.

Return only valid JSON: {"answers": ["...", "...", ...]}.

The answers list must contain at least one string.

Do not include meta-commentary such as “The context does not provide...” or “I cannot deter-

Task: You will receive a question. Produce a JSON list of candidate answers.

Rules.

Context-free

M

Identify all plausible candidate answers using world knowledge.
For list-type queries, give each item as a separate candidate answer.
Each answer must be a short, independent, declarative sentence.
Return only valid JSON: {"answers": ["...", "...", ...]}.

The answers list must contain at least one string.

6. Do not include meta-commentary such as “This is subjective...” or “I cannot determine...”.

Question: {question}
Answers:

binary SDAmb-detection F1. Panel (a) shows that
4-way macro-F1 remains stable across a broad mid-
dle range of 7 and degrades at the extremes. At low
T, the early-exit module routes too aggressively and
many non-SDAmb queries are incorrectly early-
exited as SDAmb. At high 7, genuine SDAmb
queries bypass early exit and reach the conflict
modeling module, which has no SDAmb class and
misclassifies them. All three seeds exhibit the same
qualitative pattern, indicating that the plateau and
extreme-case degradation reflect the routing mech-
anism rather than a seed-specific artifact. Panel (b)
shows that the fraction of queries requiring LLM
inference rises with 7 in every seed. The validation-
selected thresholds (mean 7 ~ 0.26, range 0.175—
0.325) fall within each seed’s accuracy plateau,
achieving mean macro-F1 of 85.37 &+ 2.42%. This
indicates that validation tuning selects thresholds
aligned with downstream performance.

E.2 Strength of Invariance Loss

We sweep the weight of the invariance loss iy €
{0,0.5,1.0,1.5,2.0} on the QUIREQA test split
using the same three Qwen2.5-14B-Instruct seeds
as in the main experiments. Figure 7 reports per-
seed 4-way macro-F1. We make two observations.
First, the invariance loss improves performance:
Ainv=1.0 outperforms \,,=0 for all three seeds
and yields the best cross-seed mean in the sweep.
This trend is consistent with the “w/o Lj,,” row of

871
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Figure 7: ARCHIVE benefits from the invariance loss,
with \;,,=1.0 providing a stable high-performing
choice. Colored curves show per-seed 4-way macro-F1
on the QUIREQA test split using Qwen2.5-14B-Instruct;
the dotted vertical line marks the selected value.

Table 7. Second, ARCHIVE does not require fine-
grained tuning of \i,,: nearby nonzero values stay
close to the best setting, although large weights
degrade some seeds. We select \i,,=1.0, which
lies in a high-performing region, suggesting that the
invariance objective provides robust regularization.
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Table 17: Prompt for generating distractors. The Context: field is included only when oracle context is available.

Task. Generate three distractor answers for the given question. Each should be plausible, but verifiably invalid with respect

to the provided valid answers and, when available, context.
Allowed distractor types.

1. Partial answer: Omit a required component from a multi-part valid answer.
2. Role swap or misattribution: Reassign entities from the context to incorrect roles or relationships.
3. Controlled perturbation: Modify a date, number, name, or attribute appearing in the context or valid answers.

Constraints.

* Do not introduce real-world entities, items, or facts absent from the provided information.

* Do not generate paraphrases, close synonyms, or valid subsets of the valid answers.

» Each distractor must be grounded in the provided information but altered so that it is invalid.
* Match the style, tone, and sentence structure of the valid answers.

* Use at least two distinct distractor types across the three outputs.
L]

Return only valid JSON: {"distractors": ["...", "...", "..."]}.

Question: {question}

Context: {context, if available}
Generated Valid Answers: {valid answers}
Distractors:

Table 18: Example distractors. One representative distractor per query; the bold span marks the perturbation that

makes it invalid.

Query Valid Answer(s)

Distractor

Knowledge-dependent ambiguous

When did the Simpsons
first air on television?

April 19, 1987 (animated short),

December 17, 1989 (prime time show)

The Simpsons debuted as a half-hour show on
December 17, 1990.

Closed unambiguous

Who directed the film
New York, New York?

Martin Scorsese

Earl Mac Rauch directed the film New York,
New York.

Open unambiguous

How can I sleep well
at night?

Maintain a consistent sleep schedule
Avoid caffeine and large meals before bed

You can sleep well at night by going to bed and
waking up at different times every day.

F Generation Prompts

Our pipeline uses three system-level LLM prompts:
two answer-generation prompts (Table 16), se-
lected by the availability of context, and one
distractor-generation prompt (Table 17). Both
answer-generation prompts include three examples.
In the grounded setting, the user message supplies
the query and passage; the prompt asks the LLM
to extract all answers supported by that passage. In
the context-free setting, the LLM is instructed to
generate candidate answers from world knowledge.

We generate distractors using the same frozen
LLM and the prompt in Table 17. Given the
query, passage, and valid answers produced by
the candidate-answer generation prompt, the LLM
generates distractors that match the surface form,
style, and format of valid answers but are factu-
ally invalid given the query and passage. For each
training example, we randomly select one of the
three generated distractors to replace a duplicate
answer slot, yielding the augmented answer set.

In QUIREQA, candidate generation always yields
fewer than k=10 unique answers. Consequently,
every answer set contains at least one duplicate slot.
Distractors apply only to the three routed classes;
surface-detectable ambiguous queries exit early.
We show examples of distractors in Table 18.

G Taxonomy Utility Experiment

In Section 5.2, we evaluate whether the taxon-
omy improves ambiguity classification and re-
sponse quality over existing taxonomies. We com-
pare ARCHIVE against three alternatives: symptom-
based (Zhang et al., 2024), action-oriented (Tang
et al., 2025), and linguistic (Tanjim et al., 2025).
We exclude Min et al. (2020), Guo et al. (2021),
and Amplayo et al. (2022), whose taxonomies
target dataset-specific subsets rather than general
prompt-based ambiguity detection. We use a con-
trolled prompt design to isolate the effect of the
taxonomy. Specifically, we embed per-taxonomy
class descriptions from each paper (Table 19) in
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Table 19: Taxonomy definitions used in the utility experiment. The four Taxonomy: blocks are substituted into
the scaffold of Table 20. The (A)/(U) tags shown here mark the ambiguous/unambiguous mappings, respectively,
used for binary F1; they are added for clarity and are not part of the prompt seen by the model.

Taxonomy Class Definitions
ARCHIVE (A) Surface-detectable ambiguity: The query is ambiguous, incomplete, malformed, or underspecified
(proposed) in a way that is detectable from the query text alone, without external knowledge.

(A) Knowledge-dependent ambiguity: The query is well-formed, but recognizing its multiple legitimate
interpretations requires external or world knowledge.
(U) Closed unambiguity: The query is clear and has a single definitive answer. No clarification is

needed.

(U) Open unambiguity: The query is clear and allows diverse but compatible valid answers, such as
advice, examples, or lists. No clarification is needed.

Symptom-based
(Zhang et al., 2024)

(A) Unfamiliar: The query contains unfamiliar entities or facts.
(A) Contradiction: The query contains self-contradictions.

(A) Lexical: The query contains terms with multiple meanings.

(A) Semantic: The query lacks context, leading to multiple interpretations.

(A) Who: The query is underspecified with respect to a person, entity, or agent needed to answer it.
(A) When: The query is underspecified with respect to time or temporal scope.

(A) Where: The query is underspecified with respect to place, location, or spatial scope.

(A) What: The query is underspecified with respect to the requested information, object, or task.
(U) Unambiguous: The query is clear, specific, and unambiguous.

Action-oriented
(Tang et al., 2025)

(A) Semantic: The query is semantically ambiguous for several common reasons: it may include
homonyms; a word in the query may refer to a specific entity while also functioning as a common word;

or an entity mentioned in the query could refer to multiple distinct entities.

(A) Generalize: The query focuses on specific information; however, a broader, closely related query
might better capture the user’s true information needs.

(A) Specify: The query has a clear focus but may encompass too broad a research scope. It is possible to
further narrow down this scope by providing more specific information related to the query.

(U) Unambiguous: The query is clear, specific, and unambiguous.

Linguistic
(Tanjim et al., 2025)

(A) Pragmatic: The meaning of the query depends on missing context, reference, or scope.
(A) Syntactic: The structure of the query is incomplete or allows multiple interpretations.

(A) Lexical: The meaning of a word or term in the query is unclear or has multiple interpretations.
(U) Unambiguous: The query is clear, specific, and unambiguous.

a shared prompt scaffold (Table 20), varying only
the Taxonomy: block. For Zhang et al. (2024)’s
Who/When/Where/What classes, we rephrase the
original template (“Query output contains confu-
sion due to missing . .. elements”) as “The query is
underspecified with respect to . . .” for clearer LLM
prompting. Because the baseline taxonomies do not
define an unambiguous class, we use a common
description for it across all schemas.

We evaluate each taxonomy along two axes: bi-
nary ambiguity detection and response quality. For
each taxonomy, Qwen2.5-14B-Instruct receives or-
acle context and generates one output per query
using greedy decoding with a 150-token cap. As
shown in Table 20, each output contains a classifi-
cation and a response: a direct answer for queries
predicted as unambiguous, or a clarifying question
for those predicted as ambiguous.

For ambiguity detection, we map each taxon-
omy class to a binary label and compute F1. For
response quality, we evaluate classes with well-
defined references: closed unambiguous queries are
scored with Ans BERTScore against gold answers,

Table 20: Shared prompt scaffold for the taxonomy
utility experiment. The Taxonomy: placeholder is re-
placed with taxonomy class definitions from Table 19.

Classify the query using the provided taxonomy, then pro-
duce the corresponding response.
If the query is unambiguous, answer it directly.
If the query is ambiguous, ask a clarifying question that
would help resolve the ambiguity.
You must format your output exactly as:

Classification: <class>

Response: <answer or clarifying question>
Taxonomy: {taxonomy-specific class definitions}
Query: {query}
Context: {context, if available}
Classification:
Response:

whereas knowledge-dependent ambiguous queries
use CQ BERTScore against pseudo-references.
Ans BERTScore measures whether the model’s
answer is semantically equivalent to the gold an-
swer, while CQ BERTScore measures whether the
model’s clarifying question matches a question that
helps the user choose among concrete interpreta-
tions. We generate pseudo-references by applying
the clarification prompt of Kim et al. (2024a) in
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Table 21: Prompt for generating pseudo-reference
clarifying questions. We adapt the prompt of Kim et al.
(2024a) to generate a pseudo-reference from each am-
biguous query and its gold disambiguation.

Engage with the provided ambiguous question by extracting
the key point of ambiguity, and interactively ask for clarifi-
cation based on the disambiguated question.

Example 1:

Ambiguous Question: Who won?

Disambiguation: Who won the 2020 U.S. presidential elec-
tion?

Clarification Request: Your question seems ambiguous.
Could you specify which competition or event you are ask-
ing about?

Example 2:

Ambiguous Question: What’s the weather like?
Disambiguation: What’s the weather like in Miami today?
Clarification Request: Your question is ambiguous. Where
are you interested in the weather report for?

Ambiguous Question: {query}
Disambiguation: {gold disambiguation}
Clarification Request:

Table 22: Examples of pseudo-references for clar-
ifying questions. Knowledge-dependent ambiguous
(KDAmb) references target concrete disambiguations,
whereas surface-detectable ambiguous (SDAmb) refer-
ences reduce to generic requests for specification.

Class  Query Generated reference CQ
Could you please specify
When did the whether you mean its debut
Simpsons first air  as an animated short or its
on television? first airing as a half-hour
KDAmb prime-time show?
Could you specify whether
What does Billy  you mean the singer-
Preston play? songwriter or the profes-
sional basketball player?
Could you provide more
inuui context or specify what you
would like to know?
SDAmb
Could you please specify
what is the what exactly you would like

to know or learn about?

Table 21 to each query and its gold disambiguation.
Conditioning on the gold disambiguation ensures
the pseudo-reference asks about the ambiguity a
valid clarifying question should resolve.

Open unambiguous and surface-detectable am-
biguous queries are excluded from response-quality
scoring because they lack informative finite refer-
ences. The unbounded answer space of open unam-
biguous queries admits no finite gold set. The ref-
erences for surface-detectable ambiguous queries
collapse to generic requests for more context or

Table 23: Direct baseline prompt.

Answer the following question.
Question: {question}

Context: {context, if available}
Answer:

Table 24: Ambig-Aware baseline prompt.

Answer the following question.

If the question is ambiguous, it is proper to answer with
"The question is ambiguous".

Question: {question}

Context: {context, if available}

Answer:

Table 25: Self-Ask step 2 prompt.

Given the question and answer, is the question ambiguous
or unambiguous?

Answer only ambiguous or unambiguous.

Question: {question}

Answer: {generated_answer}

Ambiguous or Unambiguous:

specification, rather than targeted clarifying ques-
tions that ask the user to choose among concrete
interpretations (see Table 22 for examples).

H Competitor Details

For all methods, oracle context is inserted after the
question when available.

Direct. Following Kim et al. (2024a), the LLM
receives a plain QA prompt. A query is de-
tected as ambiguous if the model’s greedy gen-
eration contains any of the predefined ambiguity-
indicating phrases—‘‘ambiguous”, “ambig”, “un-
clear”, “not clear”, “not sure”, “confused”, “con-
fusing”, “vague”, “uncertain”, “doubtful”, “doubt”,
“questionable”, and “clarify”—and unambiguous
otherwise. The prompt is shown in Table 23.

Ambig-Aware (Kim et al., 2024a). The prompt,
as shown in Table 24, explicitly describes how to
handle ambiguity.

Self-Ask. A two-step approach detects ambigu-
ity after answer generation. In step 1, the LLM
generates a free-form answer to the query using
the Direct baseline prompt (Table 23). In step 2,
the LLM receives the query and its own answer,
and judges whether the query is ambiguous (Ta-
ble 25). Following Kim et al. (2024a), we modify
the prompt from Amayuelas et al. (2024) so that
the model focuses specifically on ambiguity.
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Table 26: CoT w/ taxonomy baseline prompt. Examples are omitted for brevity.

Classity the following query using the ARCHIVE taxonomy. First reason step by step about whether the query is ambiguous
and, if so, whether the ambiguity is surface-detectable or knowledge-dependent. Then output the final classification.

Taxonomy

1. Surface-detectable ambiguity: The query is ambiguous, incomplete, malformed, or underspecified in a way that is
detectable from the query text alone, without external knowledge.
2. Knowledge-dependent ambiguity: The query is well-formed, but recognizing its multiple legitimate interpretations

requires external or world knowledge.

3. Closed unambiguity: The query is clear and has a single definitive answer. No clarification is needed.
4. Open unambiguity: The query is clear and allows diverse but compatible valid answers, such as advice, examples, or

lists. No clarification is needed.

Task Query: {query}

Context: {context, if available}
Rationale:

Classification:

Table 27: Frequency and entropy heuristics prompt.

Provide all plausible responses to the question.
Question: {question}

Context: {context, if available}
Answer(s):

CoT w/ taxonomy. The baseline prompts the
LLM with ARCHIVE’s four-class taxonomy and
four in-context examples, one per class. As Ta-
ble 26 shows, the LLM outputs a step-by-step justi-
fication followed by a classification label.

Frequency heuristic. Following the frequency
heuristic of Shi et al. (2025), the LLM generates
10 answers at temperature 0.7 using the prompt in
Table 27. The query is deemed ambiguous if the
most frequent answer accounts for less than a tuned
threshold fraction of all responses.

Entropy heuristic. This baseline uses the same
answer-oriented prompt and sampling procedure as
the frequency heuristic (Table 27). It computes the
Shannon entropy of the sampled answer distribu-
tion and predicts ambiguity when entropy exceeds a
validation-tuned threshold. High entropy indicates
many distinct answers with similar frequencies;
low entropy indicates one dominant answer.

Intent-Sim (Zhang and Choi, 2025). For each
query, the LLM first generates a clarifying question
and then samples 10 hypothetical user responses at
temperature 0.5. We cluster the responses by pair-
wise entailment using DeBERTa-large fine-tuned
on MNLI. We classify queries as ambiguous when
intent entropy exceeds a validation-tuned threshold.

APA (SFT) (Kim et al., 2024a). This self-
supervised fine-tuning baseline uses answer vari-
ability as a proxy for ambiguity. For each query,

the LLM generates candidate answers and clarifica-
tion questions, then fine-tunes on its own generated
labels to predict ambiguity.

Shi et al. (RF) (Shi et al., 2025). This feature-
engineering baseline trains a random forest on di-
versity features from sampled LLM responses. The
LLM samples 10 responses across three tempera-
tures: 3 at 0.3, 4 at 0.5, and 3 at 0.7. The random
forest uses lexical overlap, semantic similarity, and
frequency statistics to classify ambiguity.

I Context Quality Sensitivity

Table 28 compares ambiguity detection on fac-
toid queries with the LLM conditioned on no ex-
ternal context, DPR-retrieved context (Karpukhin
et al., 2020), and oracle context. ARCHIVE gen-
erally benefits from stronger grounding, achiev-
ing its highest scores under oracle context on both
backbones. It obtains the best F1-amb in every set-
ting and the best F1-unamb in five of six settings.
The only exception is Qwen2.5-14B with DPR-
retrieved context, where CoT w/ taxonomy sur-
passes ARCHIVE on Fl-unamb (83.02 vs. 80.51).
Moreover, ARCHIVE’s F1-unamb decreases from
no context to DPR retrieval on both backbones
(LLaMA-2-7B: 85.57 — 77.48; Qwen2.5-14B:
85.66 — 80.51), indicating that imperfect retrieval
introduces noise for unambiguous queries.

J Detailed NLI Relation Grids

Figure 8 maps grid indices to generated answers
for three example queries. Each cell is colored by
the highest-probability NLI class: green for entail-
ment, blue for neutral, and red for contradiction.
The underlying S retains the full distribution over
{entailment, neutral, contradiction} for each cell.
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Table 28: Context improves relation-based ambiguity detection. Each cell reports F1-amb or Fl1-unamb on
factoid queries. The no-context setting is omitted for Shi et al. (2025) as their method assumes context is available.

No Context DPR top-3 Oracle Context
Method
Fl-amb F1-unamb Fl-amb F1-unamb Fl-amb F1-unamb

Backbone: LLaMA-2-7B

Direct 2.77 59.52 2.66 58.39 6.23 79.99
Ambig-Aware 49.70 0.00 52.70 0.00 55.15 3.04
Self-Ask 33.98 64.04 33.90 61.75 53.68 68.89
CoT w/ taxonomy 49.85 4.01 54.44 12.94 64.62 24.49
Frequency 49.70 0.00 54.92 0.00 53.70 0.00
Entropy 48.80 32.14 49.34 1.66 55.05 34.19
Intent-Sim 41.84 66.57 0.29 68.32 45.35 79.99
Shi et al. — — 43.25 45.29 53.56 54.09
APA 52.24 20.94 56.14 63.48 59.45 60.52
ARCHIVE (proposed) 58.96 85.57 62.33 77.48 68.31 87.62
Backbone: Qwen2.5-14B

Direct 3.74 68.76 27.49 56.80 53.82 82.23
Ambig-Aware 45.32 69.18 48.35 76.22 66.94 72.08
Self-Ask 34.51 72.43 35.39 72.59 74.31 75.75
CoT w/ taxonomy 45.27 69.87 62.32 83.02 60.55 83.79
Frequency 49.70 0.00 54.29 0.00 65.02 0.28
Entropy 49.67 242 49.96 17.39 64.92 7.49
Intent-Sim 48.68 15.91 49.60 39.86 66.22 43.83
Shi et al. — — 43.57 39.51 50.60 51.18
APA 50.88 64.05 44.41 70.15 64.05 72.87
ARCHIVE (proposed) 61.31 85.66 76.83 80.51 76.84 88.35

K Future Directions

Context-aware conflict modeling. Future work
can extend conflict-based ambiguity detection to
settings where answer compatibility depends on
information beyond the candidate-answer text. One
direction is to enrich conflict modeling with entity-
aware representations to distinguish conflicts aris-
ing from different underlying entities (Yamada
et al., 2020; Lee et al., 2025). Another direction is
to incorporate temporal evidence to handle queries
whose answers vary over time (Jung et al., 2021;
Zhang et al., 2025) and user-specific evidence for
personalized queries (Vemuri et al., 2023; Jeon
et al., 2025). More broadly, incorporating interac-
tion history and situational context provides a path
toward extending the framework to recommenda-
tion and interactive decision settings (Koo et al.,
2021; Jeon et al., 2022; Kim et al., 2024b; Lee et al.,
2024; Lee and Kang, 2025).

Efficient model deployment. Although the
early-exit module avoids LLM calls for surface-
detectable ambiguous queries, conflict modeling
still relies on LLLM-based candidate-answer gener-
ation. A complementary direction is to reduce the
cost of these remaining calls through model com-
pression, including parameter sharing (Lin et al.,

2023; Yun et al., 2026), quantization (Egashira
et al., 2024; Kim et al., 2025), pruning (Sun et al.,
2024; Park et al., 2024, 2025a,b), and knowledge
distillation (Jeon et al., 2023; Palo et al., 2024). Ap-
plying these techniques while preserving candidate-
answer coverage and conflict-detection accuracy
would further improve deployment efficiency.

End-to-end response policies. A natural next
step is to couple ARCHIVE’s predicted class
with a downstream QA policy that selects be-
tween direct answering and information-seeking
actions (Saeidi et al., 2018; Aliannejadi et al.,
2021). Under such a policy, the class predicted
by ARCHIVE would guide response strategy selec-
tion. For surface-detectable ambiguous queries, the
downstream policy issues a lightweight template-
based clarification or generates a richer one; for
knowledge-dependent ambiguous queries, conflict-
ing candidate-answer groups ground a targeted clar-
ifying question (Zamani et al., 2020). For closed un-
ambiguous queries, selecting or synthesizing com-
patible candidates yields a direct response, whereas
aggregating diverse compatible candidates supports
responses to open unambiguous queries. These
class-conditioned actions make ARCHIVE a flexi-
ble decision signal, allowing practitioners to bal-
ance response quality against latency and compute.
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Knowledge-dependent ambiguous
Query: What is the capital of Georgia?

ap: Atlanta is the capital of Georgia.

a1: Atlanta serves as the capital of Georgia.
as: The capital city of Georgia is Atlanta.
a3: Georgia’s capital is Thilisi.

a4: Georgia’s capital is Atlanta.

as: The capital of Georgia is Tbilisi.

ae: Thilisi is the capital of Georgia.

ar7: Thilisi serves as the capital of Georgia.
ag: The capital city of Georgia is Tbilisi.
ag: The capital of Georgia is Atlanta.

Closed unambiguous
Query: Where is the Colosseum?

ag: The Colosseum is in Rome.
a1: The Colosseum is in Italy.
agz: The Colosseum is in Italy.
a3z: The Colosseum is in Europe.
a4: The Colosseum is in central Rome.
0.51 0.4 0. as: The Colosseum is in the city of Rome.
071 ag: The Colosseum is in the city of Rome.
ar: The Colosseum is in the country of Italy.
ag: The Colosseum is in the continent of Europe.
ag: The Colosseum is in Rome, Italy.

0.51 0.64

Open unambiguous
Query: How to organize a desk?

Each answer begins with “A desk can be organized by”.
ap: using storage containers.

aq: regularly cleaning the surface.

ag: using vertical space such as shelves or organizers.
as: aligning items neatly to maintain visual order.

a4: keeping cables managed and untangled.

as: removing unnecessary items to reduce clutter.

ag: grouping related items together.

a7: storing rarely used items away from the main surface.
ag: using a drawer organizer for small supplies.

ag: dedicating specific zones for different tasks.

Figure 8: Refined relation grids reveal whether candidate answers conflict or differ. Cell (4, j) is colored by the
dominant NLI relation from a; to a;: green denotes entailment, blue denotes neutral, and red denotes contradiction.
For knowledge-dependent ambiguity (top), competing candidate answers (Atlanta vs. Tbilisi) form a distributed
contradiction pattern; for closed unambiguous queries (middle), compatible answers at varying granularity mostly
entail or remain neutral; and for open unambiguous queries (bottom), diverse valid answers are largely neutral.
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